Despite the decline in malaria incidence due to intense interventions, potentials for malaria transmission persist in Rwanda. To eradicate malaria in Rwanda, strategies need to expand beyond approaches that focus solely on malaria epidemiology and also consider the socioeconomic, demographic and biological/disease-related factors that determine the vulnerability of potentially exposed populations. This paper analyses current levels of social vulnerability to malaria in Rwanda by integrating a set of weighted vulnerability indicators. The paper uses regionalisation techniques as a spatially explicit approach for delineating homogeneous regions of social vulnerability to malaria. This overcomes the limitations of administrative boundaries for modelling the trans-boundary social vulnerability to malaria. The utilised approach revealed high levels of social vulnerability to malaria in the highland areas of Rwanda, as well as in remote areas where populations are more susceptible. Susceptibility may be due to the populations' lacking the capacity to anticipate mosquito bites, or lacking resilience to cope with or recover from malaria infection. By highlighting the most influential indicators of social vulnerability to malaria, the applied approach indicates which vulnerability domains need to be addressed, and where appropriate interventions are most required. Interventions to improve the socioeconomic development in highly vulnerable areas could prove highly effective, and provide sustainable outcomes against malaria in Rwanda. This would ultimately increase the resilience of the population and their capacity to better anticipate, cope with, and recover from possible infection.
Introduction
Despite various interventions to reduce the burden of malaria, the disease persists in many countries of the developing world. In 2012 there were approximately 562,000 malaria deaths in Africa, despite a slow decline since 2004 (WHO, 2014 . Malaria decrease in Sub-Saharan Africa was generally associated with intense interventions and reduced vector density due to changing rainfall patterns (Meyrowitsch et al., 2011) . Although considerable progress has been made in many countries, the general malaria burden remains high, particularly in young children and pregnant women (Roll Back Malaria, 2005) . The Plasmodium (P.) falciparum prevalence rates in Rwanda increased until the late 1990s and early 2000s, after which a marked decrease was noted (Stern et al., 2011) . Since 2004, interventions to prevent and control malaria in Rwanda have resulted in a substantial decline in malaria transmission, particularly as a result of improved access to effective treatment, increased use of bed nets, and indoor residual spraying (Karema et al., 2012) . However, malaria incidence increased again between 2011 and 2012, revealing the fragility of the gains achieved (WHO, 2013) . The results of an entomological survey of more than 50% exophile entomological inoculation rate (EIR) around Kigali City is also an indicator of potential transmission gaps not addressed by existing interventions in Rwanda (Hakizimana et al., 2010) . The EIR is a measure of exposure to infectious mosquitoes, usually interpreted as the number of P. falciparum infective bites received by an individual during a season or annually (Kilama et al., 2014) .
Because no single approach to malaria elimination can be successful across the country, strategies that account for both socioeconomic and environmental settings in each region must be implemented in an integrated approach Mboera et al., 2014; Hagenlocher and Castro, 2015) . An integrated vector management (IVM) programme was recently adopted in Rwanda as a comprehensive framework for malaria interventions, based on local ecology, disease epidemiology and socioeconomic factors (USAID, 2014) . The strategy encompasses environmental modifications through both infrastructural development and sanitation services, to regulate not only the vectors but also the exposure to mosquito bites. It also seeks to improve public health and quality of life, and to minimise social-disparities (Lizzi et al., 2014) . In line with this integrative strategy for malaria elimination, identifying regions of high levels of social vulnerability to malaria can help decision-makers provide tailor-made interventions in the most vulnerable areas of Rwanda.
The current public health approach to malaria in Rwanda is still based on the Global Health Initiative strategy, which seeks to reduce malaria burden by funding specific interventions and strengthening the health care system (USAID, 2014) . Although these programs have temporarily reduced the overall malaria infection, they are ineffective for sustaining malaria reductions without addressing the proximate causes of malaria transmission and ultimate causes of malaria. These causes are rooted in the social structure, agro-ecological settings, and demographic pressures observed in the country (Packard, 2007) . If malaria reduction strategies concentrate solely on health care and malaria control other relevant factors that shape community health may be neglected, such as rural housing, food security, and employment (Morgan, 2001) . Successful malaria elimination therefore needs to expand on classic approaches, which mostly focus on environmental factors, malaria parasites, and vectors, and should also consider the social, economic, demographic, and accessrelated (e.g. access to health care) factors that shape the vulnerability of the population (De Plaen et al., 2004; Kienberger and Hagenlocher, 2014; Hagenlocher and Castro, 2015) .
Vulnerability assessments use a set of (weighted) indicators to simplify complex information in an aggregated measure, relevant for decisionmaking (Dickin et al., 2013) . Most quantitative vulnerability assessments are based on administrative boundaries and thus tend to ignore the spatially explicit distribution of indicators (Brooks et al., 2005; Borderon, 2013; Hagenlocher et al., 2013; Kienberger et al., 2013b; Frazier et al., 2014; Bizimana et al., 2015) . However, vector borne diseases (VBDs) like malaria do not respect such artificial boundaries, which are inappropriate for targeting specific and place-based interventions (Rytkönen, 2004) . The assessment of social vulnerability to diseases based on administrative regions is not always an appropriate manner of spatially displaying vulnerability, since boundaries rarely correspond to the variations inherent in social vulnerability as a continuous phenomenon (King and Blackmore, 2013) .To overcome the challenges outlined above, an integrated and spatially explicit approach for assessing social vulnerability to malaria infection is required. This has also been highlighted by Hongoh et al. (2011) and Kienberger and Hagenlocher (2014) , who advocated for a spatially explicit and integrative assessment of vulnerability. In this regard a holistic risk and vulnerability framework, including a methodology for mapping social vulnerability to malaria, was developed by Kienberger and Hagenlocher (2014) , and was recently applied to the entire East African Community (EAC) region. Hagenlocher and Castro (2015) also proposed a spatially explicit approach for mapping relative levels of malaria risk as a function of hazard (represented by malaria EIR), exposure, and vulnerability in Tanzania, where the final set of risk factors and their contribution to malaria endemicity was identified based on regression analysis. The results from the studies outlined above provide place-specific options for targeting malaria interventions among the most vulnerable populations. Nevertheless, such macro-level analyses, focusing on the East African regional scale or on larger countries such as Tanzania, may not perform well in representing malaria vulnerability and local capacities in each country, especially in Rwanda and Burundi, which are relatively small countries with high population densities. At the East Africa regional level, the difference in size between countries and subadministrative units does not allow a spatial comparison .
These studies have distinct implications for policy and decisionmaking as they facilitate prioritisation of interventions by indicating which factors need to be addressed in each area. In addressing key elements of (risk and) vulnerability to VBDs for a small country like Rwanda, which faces intensified pressure from environmental and socio-economic changes, a different understanding of the underlying drivers of social vulnerability to malaria infection may be required. Thus, there is a need to apply a high-resolution approach for modelling social vulnerability to malaria in Rwanda to bridge this gap. To model the regions of social vulnerability to malaria in Rwanda, this study is based on recently published works focusing on East Africa, such as Kienberger and Hagenlocher (2014) and Hagenlocher and Castro (2015) . We applied a similar conceptual and methodological framework as the published works outlined above, but the advance of this paper relies on the spatial scale and better quality of data, which helped to reveal the hidden social vulnerability in Rwanda. The final social vulnerability index score is a combination of susceptibility to not withstanding malaria infection, and the lacking capacity to anticipate the exposure to mosquito bites, and to cope with or recover from infection.
Materials and Methods

Study area
Malaria stratification in Rwanda has been studied since the 1960s by Meyus et al. (1962) , who delineated malaria ecological zones based on altitude, climate, and malaria parasite prevalence. A malaria endemicity map for Rwanda, published by the Malaria Atlas Project, shows that malaria is highly endemic in the eastern lowlands, along the rivers near the bottom of the valleys in the central plateau, and in the southwestern Bugarama plain. The highlands exhibit a very low endemicity, or absence of malaria transmission (Gething et al., 2011) . The map in Figure 1 shows the predicted spatial distribution of Plasmodium falciparum prevalence in children under five years old in Rwanda, and is based on the spatial interpolation of 2010 Demographic and Health Survey data in Rwanda (NISR, 2012c).
The above mentioned malaria eco-zones exhibit a micro-stratification, due to varying landscapes and farming activities. The existing malaria strata do not reflect the current situation anymore. A recent study highlighted significant modifications of climate in the highlands, noting a high rainfall decline and a strong temperature increase, which are anomalous for high altitudes (Henninger, 2013a) . This changing climate may affect the geographic distribution of malaria, with a high impact on the most vulnerable populations (Martens et al., 1999) .
Conceptual framework
The past decades have been marked by huge interest in the concept of vulnerability and associated conceptual frameworks (Cutter et al., 2000 (Cutter et al., , 2003 Birkmann and Wisner, 2006; Birkmann et al., 2013; Kienberger and Hagenlocher, 2014; Hagenlocher and Castro, 2015) . This study is based on a holistic risk and vulnerability framework, which is based on the MOVE Risk framework (Birkmann et al., 2013) , and further developed by Kienberger and Hagenlocher (2014) in the context of VBDs. Figure 2 shows the adapted framework of social vulnerability to malaria, the main domains of vulnerability, as well as the final vulnerability indicators for each domain. The adopted framework considers the key elements of social vulnerability, susceptibility, and lack of resilience Hagenlocher and Castro, 2015) . Susceptibility to malaria is determined by an individual's lacking ability to withstand malaria infection. The susceptibility can be classified as generic susceptibility or biological susceptibility. Generic susceptibility refers to factors leading to the predisposition of an individual to be affected by malaria. These factors include, for example, population pressure and density, livelihoods, agricultural practices, inaccessibility or poor access to transportation, as well as poverty. Biological susceptibility refers to the effectiveness with which an infective mosquito infects humans. This latter case is a function of immunity, which depends on age, pregnancy, or co-infection with other diseases (Bates et al., 2004 ). Women's immunity depreciates during pregnancy, while the immunity of young children is not yet fully developed (WHO, 2006) . Besides, Human Immunodeficiency Virus (HIV) infection also increases malaria severity and incidences (Berg et al., 2014) .
In the framework outlined herein, lack of resilience refers to the lacking capacity of societies and population groups to respond to and absorb negative impacts of malaria infection, as a result of the lacking capacity to anticipate, respond to and recover from a malaria episode . The resilience of a community is determined by its capacity to anticipate the exposure to mosquito bites, which may be influenced by education, knowledge about malaria transmission, prevention, protection measures, and housing conditions (Ricci, 2012) . A resilient community is able to cope with malaria episodes using local opportunities to cope with or recover from malaria infection. This coping and recovery capacity relates to access to health care facilities, and to the ability to access effective, appropriate, and prompt medical treatment. Guided by the proposed framework, relevant indicators and required datasets for assessing social vulnerability to malaria infection were identified based on a review of literature.
Justification of indicators
A critical step in modelling homogenous regions of social vulnerability is the identification of a sound and valid set of indicators, and an appropriate dataset, which can be combined in a meaningful vulnerability index. Following the vulnerability framework published by Kienberger and Hagenlocher (2014) , 19 relevant indicators that represent the multidimensional nature of social vulnerability to malaria have been selected from literature. Table 1 shows the vulnerability domains, indicators used, as well as the source of the corresponding datasets. 
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Generic susceptibility
In rural areas, low population densities may not support malaria transmission (Snow et al., 1999a (Snow et al., , 1999b . The Rwandan population increased considerably from 2.6 million in 1960 to 10.6 million in 2012, approximately (NISR, 2012b) . Consequently, Rwanda has become the most densely populated country in Africa. This high population pressure has resulted in limited land resources and increased human exposure to malaria in the highlands (Lindsay and Martens, 1998) . In addition, it has had a significant negative effect in environmental degradation and declining landholdings (Clay, 1992; Clay and Johnson, 1992) ; which have pushed people to settle near unsuitable sites with more exposure to mosquito bites (Thaxton, 2009) . Malaria incidences are embedded in livelihood activities, which interplay with the ineffective use and non-use of bed nets (Dunn et al., 2011) . Water-based livelihoods play an important role in malaria incidence, but they are not yet fully included in malaria control policies (Mboera et al., 2014) . Agricultural practices that increase the outdoor mosquito biting exposure in Rwanda are: clothes not covering the farmer's body when they are involved in farming activities in irrigation schemes, overnight stays in farms to protect maize from unauthorised harvesters, and temporal shifting to rice farms. During the rice cultivation seasons, worker migrants move from highlands to stay overnight near the rice paddies where they are exposed to malaria vectors. Moreover, maize and rice intensification in the marshlands closer to homes, brick-making, fishponds, digging holes, and water storage for irrigation are the main water management activities that expose people to mosquito bites. Livelihoods largely focusing on extensive marshlands reclamation as a result of high population densities are likely to increase the exposure of populations to malaria in Rwanda (Nabahungu and Visser, 2013) .
Access to a road network and transportation is a relevant development indicator covering generic access to a variety of services (Fedderke et al., 2006) . Despite the relatively dense road network, offroad motorised transport is not viable in Rwanda due to steep slopes (Perschon-Heyen, 2001 ). Walking remains the predominant form of transportation in rural areas (UNECA, 2009). In mountainous areas, the rugged terrain and poor road infrastructure are the access barriers to malaria prevention and control interventions. During the rainy seasons, which often correspond to the peak of malaria transmission, patients may struggle to access health care due to poor roads. Decaying road infrastructure in remote areas may also prevent anti-malaria spraying interventions from reaching the isolated areas, leading to an increased risk of a malaria outbreak within the isolated communities (O'Meara et al., 2009) . Besides, the transport cost exacerbates the vulnerability of the poor in rural areas, who have limited access to financial means, more than that of well-off families living in urban centers (Okwaraji et al., 2012) . Physical accessibility to health facilities in relation to existing transportation means also influences where, when, and what type of health treatment is sought (Alegana et al., 2012) . 
Biological susceptibility
As there is no available spatial dataset that measures immunity to malaria in Rwanda, we used altitude as a proxy for immunity to reflect prevailing levels of malaria endemicity. Apart from the long-term influences that climate and land use changes may have, malaria transmission above 2000 m in altitude would not be possible (Babu et al., 2004) . Highland populations with low immunity become ill following their initial exposure to the malaria parasite, developing a febrile illness which may become severe (Snow et al., 1997) . The immunity is defined as the host's ability to resist the pathogenic effect of a malaria infection. Some immunity is acquired in response to repeated exposure to infection (Cromley and McLafferty, 2012) . Since previous exposure to malaria infection is required, immunity fails to develop in high altitude zones where malaria transmission is limited by low temperature. Thus, highland communities which are less exposed to mosquito bites would be more vulnerable to malaria infection than their counterparts in lowlands (Wandiga et al., 2010) . In the lowlands where transmission intensity is high, the acquired immunity of people may be lost with an interruption to parasite exposure as result of seasonal malaria transmission, intensive interventions with insecticide, treated bed nets, or extended travel out of an endemic area (Baird, 1995) .
Pregnant women are highly susceptible to malaria due to their lowered immunity (Van Geertruyden et al., 2005) . As an example, during the 1998 malaria epidemic in Byumba highlands in Northern Rwanda, pregnant women were two to five times more likely to be admitted to the hospital for malaria than other adults (Hammerich et al., 2002) . While young children are highly susceptible in endemic areas, the vulnerability to malaria extends to adults in epidemic-prone areas (Kiszewski and Teklehaimanot, 2004) . Non-immune people such as populations moving into malaria areas are more vulnerable at any age (Bates et al., 2004) . Stich et al. (2003) have found out that the elderly are highly susceptible to malaria, and have a higher risk of a severe course of malaria compared to the mid-age population. The risk of dying of the disease increases steadily with age. People aged over 65 years are almost 10 times more likely to die from the disease than those who are aged 18-35 (Checkley et al., 2012) , as they lack immunity against the disease. An HIV infection increases the risk of malaria by impairing the immune response, thus decreasing the ability to withstand malaria infection (Verhoeff et al., 1999) , and by reducing the drug's efficacy (González et al., 2012) . High malaria prevalence rates among HIV positive pregnant women were also confirmed in Rwanda (Ladner et al., 2002) , particularly in urban areas (Ivan et al., 2012 (Ivan et al., , 2013 .
Capacity to anticipate mosquito bites
The incidence of malaria is influenced by the lacking capacity to anticipate exposure to mosquito bites. This capacity relates to the level of protection measures, housing conditions, education level, and knowledge about malaria transmission and prevention, which lead to better use of malaria interventions (Appiah-Darkwah and BaduNyarko, 2011). Malaria health education given to pregnant women improved their knowledge about malaria, and enabled them to make effective decisions towards malaria prevention in Rwanda (Nishimwe and Kerr, 2012) . However, the link between malaria and education may be explained by its role as a proxy for poverty. Furthermore, mass media communication (radio and television) play a strong role in malaria control, in ensuring that bed nets are properly used (Bowen, 2013) .
Sleeping under bed nets is the most recommended protection method against malaria by the WHO (2011). In order for the bed nets to be effective they should sufficiently cover the bed, be re-treated with insecticide regularly, and be properly deployed every night (Janssen, 2005) . Despite the declining malaria transmission, high numbers of host-seeking malaria vectors may be found indoors in rural areas in Rwanda, due to poor housing quality, which provides less protection against mosquitoes (Mwangangi et al., 2012) . Malaria risk factors associated with housing conditions are: earth roofs, open eaves and windows, and poor wall construction materials (Graves et al., 2009) . In addition to bed nets and indoor residual spraying interventions, efforts should also focus on improving housing conditions to prevent mosquito bites (Lwetoijera et al., 2013) . 
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Capacity to cope with/recover from malaria
The capacity to cope with malaria is influenced by access to health infrastructure and effective treatment. According to the Roll Back Malaria Global Strategic Plan 2005-2015, ensuring prompt and timely treatment prevents most cases of uncomplicated malaria from progressing to a severe and fatal illness (Roll Back Malaria, 2005) . To avoid malaria mortality, treatment must begin as soon as possible, generally within 24 hours after the onset of symptoms. Additionally, communities should be aware of the importance of seeking prompt diagnosis and treatment (Chanda et al., 2011) .
To be able to provide quick access to healthcare services, effective and appropriate treatment should take into account poor rural populations who are poorly served by the healthcare system (WHO, 2000) . However, poor families living in remote areas of Sub-Saharan Africa have less access to basic preventive measures for malaria control, and may live many kilometers away from the nearest healthcare facility (Onwujekwe et al., 2011) . The long distance to a primary healthcare facility is among the impeding factors which delay the prompt diagnosis and timely treatment of malaria (Turuse et al., 2014) . To respond to the community needs for prompt and effective treatment of malaria in Rwanda, the community-based health insurance programme commonly known as mutuelles de santé was established in 1999 by the Rwandan Government. This programme is a key component of the national health strategy for providing affordable universal healthcare (Government of Rwanda, 2010).
Modelling regions of social vulnerability to malaria
Spatial scale and the choice of the right reporting unit are a concern to medical geographers (Meade and Earickson, 2005) . Lang et al. (2008) proposed the geon concept, which allows the modelling of homogenous regions of multi-dimensional phenomena -such as social vulnerability -independent of administrative units. Geons are defined as spatial objects that are delineated by regionalising gridded datasets, representing relevant social vulnerability indicators in a multidimensional indicator space. By applying an integrated geon approach , we create spatially exhaustive sets of units revealing the spatial pattern of social vulnerability to malaria. The geon approach has been successfully applied in previous studies, for instance to model social vulnerability to malaria in the East Africa region , where this study is also based. Figure 3 shows the key steps applied to model social vulnerability to malaria following the integrated geons concept at the national scale level in Rwanda.
As illustrated in Figure 3 , the modelling process includes the conceptualisation of vulnerability to malaria infection, identification of social vulnerability domains and suitable indicators, acquisition of datasets, imputation of any missing value, and data transformation. After processing the indicators by interpolation and resampling, all indicator gridded values were normalised to an 8-bit value range (0-255) to compare the integrated indicator values between them. A correlation analysis was performed to determine the significance of correlations present among the indicators, and the output was checked for multi-collinearity, to remove the highly correlated indicators. The statistical weights extracted from PCA were assigned to single indicator layers; the indicators were integrated into Trimble eCognition Developer software to delineate homogeneous regions of social vulnerability through segmentation and regionalisation. A cartographic visualisation method was adopted to translate the social vulnerability index into a geographic map. ESRI ArcGIS10.2 software was used to map the final index of social vulnerability to malaria for each delineated unit.
Data pre-processing: creating continuous surfaces
Most of the data used was collected from the Demographic and Health Survey (DHS), and from different secondary data sources in Rwanda. Guided by the adopted vulnerability framework, relevant data for indicators was selected from the DHS database. Although the DHS data can be geo-referenced, the sampling method is not appropriate for spatial interpolation. Accordingly, a spatial interpolation methodology, developed by Larmarange et al. (2011) , was adopted for generating the smoothed trends of DHS data using R statistical software. This method uses kriging and smoothing techniques to estimate the regional variations in accordance with the accuracy of the data of each zone. Other spatial gridded data (child-bearing aged women, population under five years, and elderly population) were downloaded from the WorldPop Project data repository (2010). These data are provided at continent level, with a spatial resolution of 100 x 100 m, and have been clipped to the national boundary of Rwanda.
To ensure consistency, all spatial datasets were resampled to 500 x 500 m cell size, which both reflects the small size of Rwanda and takes into account the average size of sub-administrative units. ESRI ArcGIS 10.2 software was used to alter the generated raster layers by changing their cell sizes to 500 meters, while their spatial extent remained the same. Resampling is a normal procedure for (automatically) adjusting one or more raster datasets to ensure that the grid resolutions of the used raster datasets match when carrying out combination operations (de Smith et al., 2015) .
Population data for Rwanda (at 100 m resolution) was acquired from the US Census Bureau (2011) and used to analyse population change between 2002 and 2012. Kernel density estimation was applied using ArcGIS 10.2 software (ESRI, Redlands, CA, USA) to generate the raster map of population change at the country level, with a spatial resolution of 500 meters. Spatial data for irrigated lands was collected from the Rwanda Natural Resources Authority. The assumption was that social vulnerability to malaria may be higher in populations near the irrigated farming communities than in populations far away from irrigated lands.
Despite the intense malaria interventions with insecticide-based control in Rwanda, we believe that people living in the proximity of irrigation infrastructure are potentially exposed to an increased risk of malaria infection. This is due to changes in ecological and hydrological conditions that lead to increased vector abundance (Baeza et al., 2013) . Kibret et al. (2014) , who revealed that the irrigation schemes intensify malaria transmission due to poor water management in irrigation areas, support this theory.
Kernel density estimation was also applied to model the relative density of clinics in each area using the health centers' geographic coordinates, collected from the Ministry of Health. The least accumulative cost distance for each cell to the nearest road network was computed using cost distance tools in the ArcGIS 10.2 software. The cost distance tool creates an output raster (cost distance to road) in which each cell is assigned the accumulative traveling cost based on slope to the closest road network (de Smith et al., 2015) .
Data pre-processing: normalisation and multicollinearity analysis
To allow the integration and comparison of different indicator layers, linear min-max normalisation was applied (Nardo et al., 2005 To detect multi-collinearity in the datasets, the Pearson correlation coefficients and variance inflation factors (VIF) were computed (OECD, 2008) , whereby Pearson's r greater than 0.92 (Field, 2005) and/or VIF values greater than 5 indicate multicollinearity. When examining the results of the multicollinearity analysis only one value greater than the threshold was found, indicating high collinearity between the poverty index and radio ownership. However, since both indicators influence malaria incidence differently, both indicators were kept in the analysis, especially since the variance inflation factor (VIF) values were acceptable for all indicators.
Data pre-processing: identifying indicator weights using principal component analysis
A principal component analysis (PCA) was used to assign weights to indicators (Pattanaaik et al., 2008) . Principal component analysis was selected since it has the advantage of determining weights that reflects the largest variation in original indicators (Slottje, 1991) . Moreover, we used PCA since it was difficult to find experts for a participatory weighting of indicators. Before running the PCA, Kaiser-Meyer-Olkin (KMO) statistics and a Bartlett's test were performed to examine the data's suitability for PCA. High KMO values (>0.6) indicate that the PCA may be useful (Vines, 2000) . For this study, the KMO value of 0.727 indicates that the selected indicators were suitable for PCA. The extracted two components accounted for 91.5% of the cumulative variance of the raster input layers. Indicators were weighted with the proportion of variance explained by each component, taking into account the total variance of the component on which each indicator is heavily loaded (Abson et al., 2012b) . Only the principal components with eigenvalues larger than one, which individually contribute to the overall variance by more than 10% of the rotated squared loadings, and cumulatively to more than 60%, were retained (OECD, 2008). The principal component scores together with the factor loadings provide information pertaining to the relative level of social vulnerability (scores) and the underlying drivers of vulnerability (Abson et al. 2012a (Abson et al. , 2012b . The weights were obtained from the PCA derived component eigenvalues, and then normalised by the squared factor loadings, which are the portions of the variance explained by indicators; subject to the condition that the sum of the squared weights is equal to one (Vyas and Kumaranayake, 2006; Hudrliková, 2013) . The weight for each indicator is displayed in Table 1 .
Data pre-processing: delineating homogeneous vulnerability regions
After resampling all indicators to the same cell size and assigning the weights to the indicator layers, the datasets were integrated into Trimble eCognition Developer software for delineating regions of social vulnerability through regionalisation. The multi-resolution segmentation algorithm (Baatz and Schäpe, 2000) was used for the regionalisation of the spectral reflectance of the indicator values. To parameterise the segmentation algorithm we used the Estimation of Scale Parameter tool (ESP2), developed by Drãgut et al. (2014) . This approach takes into account the local variance of object heterogeneity. The ESP2 tool was used to iteratively generate the image-objects at multiple scale levels in order to calculate the local variance for each scale. For each delineated region, a vulnerability domain value (generic susceptibility, lacking capacity to anticipate, biological susceptibility, and lacking capacity to cope) was calculated using the weighted vector magnitude, as shown in the following equation:
In equation 2, BioSUS refers to the biological susceptibility domain. The value of biological susceptibility for each delineated region is equal to the square root of the sum of the weighted squared indicator values, representing the vector magnitude of each region (Kienberger et al., 2009) . w represents the weight for a given indicator of biological susceptibility, and represents the normalised indicator value (v') for the biological susceptibility domain. The final vulnerability index is equal to the sum of vulnerability domain weighted values, divided by the number of indicators in each domain. This allows the domains that group together a higher number of indicators to have a higher weight, as shown by the following formula:
In equation 3, VU represents the vulnerability index score; n is the number of indicators for a given domain; D is equal to the value of aggregated weights for each vulnerability domain (generic susceptibility, lacking capacity to anticipate, biological susceptibility, and lacking capacity to cope); and N refers to the total number of indicators used. From the 19 indicators that were identified in literature, five indicators were assigned to the generic vulnerability domain, seven indicators to lacking capacity to anticipate, five indictors to biological susceptibility, and two indictors to the lack of capacity to cope with or recover from malaria. The aggregation approach of the social vulnerability index used in this study slightly differs from Kienberger and Hagenlocher (2014) , because it takes into account the number of indicators for each domain. Another key difference is that the weights were assigned from PCA, whereas Kienberger and Hagenlocher (2014) used expert weights. The contribution of the separate indicators to the social vulnerability score was calculated for each delineated unit, to evaluate the composition of homogeneous regions of vulnerability, by decomposing them into the underlying indicators (Hagenlocher, 2013; Kienberger et al., 2013a) .
Results and Discussion
Aggregated indicators and regions of social vulnerability to malaria
The final index of social vulnerability to malaria is presented in Figure 4 , which shows the generic and biological susceptibility to not withstanding malaria infection, the lack of capacity to anticipate exposure to mosquito bites, as well as the lacking capacity to cope with or recover from malaria infection. The homogeneous regions of social vulnerability to malaria outlined herein were modelled independently of the spatial distribution of the disease.
High values of social vulnerability to malaria are found in the highlands, especially along the Congo-Nile Crest, and in the very eastern lowlands. Except for the highly vulnerable area in the very East, the other most vulnerable regions are generally located in malaria epidemic prone-areas, which are characterised by unstable malaria transmission. The populations in these regions are most vulnerable to malaria epidemics due to a low level of immunity (Gascon et al., 1988) . Malaria epidemics often occur in these areas, overwhelming the coping ability of medical facilities (Hay et al., 2002) . In addition, low values of social vulnerability are found near Kigali City, in the eastern lowlands, and in the central plateau, particularly near the urbanised areas. This finding is supported by Richmond et al. (2015) , whose study highlighted the capital city of Kigali and major urban centers with low values of vulnerability, in stark contrast to the rest of the country. This concentration of wellbeing in urban centres exemplifies the well known geographic concepts of core and periphery and distance decay (Baldwin and Forslid, 2000) . The eastern lowlands are generally suitable for malaria transmission. However, since malaria is also sensitive to socioeconomic factors and health interventions, climate suitability in lower lands can be counterbalanced by improved wellbeing, effective malaria control, and intense interventions.
High index scores are found in highlands along the Congo-Nile Crest and in the very eastern lowlands. This finding is in agreement with a recent study by Richmond et al. (2015) , who found highly vulnerable areas in the western districts near the Gishwati-Mukura and Nyungwe National Parks. These regions are frequently affected by food insecurity due to infertile soil and market access. As such, poor households live in small crowded homes on small plots of land and lack income diversification. Except for the highly vulnerable area in the very East near the Tanzanian border, the other most vulnerable regions are located in malaria epidemic-prone areas, characterised by unstable transmission. In addition, low levels of social vulnerability are observed near the urbanised areas of Kigali City, on the central plateau, and in the eastern lowlands. As malaria is also sensitive to socioeconomic factors and health interventions, climate suitability in these areas can be counterbalanced by improved wellbeing, as well as effective and intense malaria interventions. The high level of social vulnerability to malaria in the highlands exacerbates the susceptibility of populations with low immunity to epidemic malaria. The remoteness of the most vulnerable areas near the borders also makes it difficult to provide adequate and appropriate health services to the resident populations. Their vulnerability is exacerbated by crossborder migrations, where malaria is imported from elsewhere, rather than linked to the location (WHO, 2011) . Despite the limited long-term migrations in Rwanda, temporary migrations have been reported in the last five years (Blumenstock, 2012) ; and cross-border movements are responsible for malaria transmission (USAID, 2013). Since malaria is not likely to be diagnosed early, asymptomatic malaria may prevail among moving people, who may become a reservoir for local transmission. To tackle this issue properly, adequate health care facilities and effective treatment should be provided to moving people in the most vulnerable areas near international borders. This may be an efficient and relevant malaria intervention method, to eliminate malaria in these regions. Malaria elimination policies and strategies therefore need to identify migrant streams with the potential of spreading malaria, and target the appropriate interventions in the most vulnerable regions, to prevent epidemic malaria in the Rwandan highlands.
Region 1 in the very North West is highly vulnerable, mainly because of the lacking capacity to anticipate and recover from malaria. Region 2 along the Congo-Nile Crest in Ngororero District requires more interventions that could reduce its generic susceptibility and limited coping capacity. For the vulnerable region 3 near the Tanzanian border, more attention should be paid to the generic susceptibility indicators: lacking capacity to anticipate and recover from malaria. It is surprising that regions 1 and 2 are identified for priority interventions in the areas where malaria transmission would be absent or limited by low temperature. However, the 2010 demographic and health survey in Rwanda confirmed some pockets of high malaria prevalence rates in these areas (according to the map shown in Figure 1 ). This may be associated with the socioeconomic conditions that drive the vulnerability within the local communities, rather than the climate suitability and exposure to mosquitoes. The results highlight the importance of using a socioeconomic approach to target malaria interventions in Rwanda. Compared to the East African Regional scale, the results of social vulnerability modelling by Kienberger and Hagenlocher (2014) are only valid at regional scale. Moreover, these results are not suitable for providing a detailed and heterogeneous social vulnerability map, which is particularly relevant for small countries. The results from the regional scale modelling approach by Kienberger and Hagenlocher (2014) need to be interpreted with caution when translated to an isolated national scale, due to varying multi-source data quality and accuracy between regions in the East Africa Community countries. For instance, in this study we were able to identify a spatial heterogeneity of the hidden social vulnerability to malaria in Rwanda, which the regional scale modelling was not able to identify in such detail, due to its relative scaling for the entire EAC region.
Validation of results is still a critical issue in index-based spatial vulnerability (and risk) assessments. This is primarily linked to the fact that vulnerability is latent and multi-dimensional by definition, and thus cannot be measured directly. Furthermore, (social) vulnerability is only one component of risk, which poses the question of how a single aspect (vulnerability) can be validated, when it is embedded in a larger whole (risk). Hagenlocher and Castro (2015) validated an integrative malaria risk index in Tanzania using infection prevalence, for instance. However, such an approach has no validity in the present case, due to fact that vulnerability represents one component of risk only. Therefore, the validation of index-based vulnerability maps requires detailed empirical analysis, which is currently not available for this specific context and the required spatio-temporal scales. Fekete (2009) highlights that vulnerability assessments could be validated using an independent second dataset, which, however, is not available in this case. Hence, we carried out a technical validation using approaches of sensitivity and uncertainty analysis, following the method proposed by Lung et al. (2013) . This involved calculating a set of alternative vulnerability indices by discarding one indicator at a time, while keeping all other settings the same (normalisation, weighting, aggregation). The box plots in Figure 5 show the influence of each indicator on the final vulnerability index.
The results from Figure 5 show that some vulnerability indicators, like poor housing, wall materials, television ownership, clinic density, distance to main road, poverty rate, distance to irrigated areas, and elevation in meters (immunity), have an excessive influence on the final vulnerability index score. Conversely, other indicators, such as population under five years of age, population changes, HIV prevalence, and population density are the less influential indicators on the final vulnerability index.
Domains of social vulnerability to malaria
The inclusion of spatially explicit indicators in vulnerability assessments aids decision makers in identifying drivers of social vulnerability to malaria in specific areas. The resulting holistic social vulnerability assessment can empower decision makers in targeting mitigation and adaptation efforts in areas where social vulnerability is highest, and in focusing on factors that most impact vulnerability (Frazier et al., 2014) . In addition to the final index of social vulnerability to malaria, the spatial heterogeneity of social vulnerability to malaria at domain level is illustrated in Figurse 6 and 7. These domains are generic susceptibility ( Figure 6A ), biological susceptibility ( Figure 6B ), lacking capacity to anticipate ( Figure 7A ), and lacking capacity to cope with or recover from malaria infection ( Figure 7B ). By depicting social vulnerability in different domains, it was revealed that the high social vulnerability does not necessarily imply that values for all four domains of vulnerability to malaria are high. By exploring the relative share of contributing vulnerability indicators, depicted in bar charts, it is possible to answer the spatial question of what needs to be done where? For instance, the high values of generic susceptibility are found in the mountainous areas, particularly in the Ngororero and Nyamagabe Districts, in remote rural areas of the eastern lowlands, and in the southern part of Rwanda -the Gisagara District. The generic susceptibility of region 1 in Ngororero District may be associated with poverty, high population density and poor road infrastructure. For the most vulnerable region 2 in Gisagara District, the major influencing factors of social vulnerability include poverty, poor road infrastructure, and irrigation-based livelihoods. Other studies in a neighboring district of Gisagara (Bugesera District in southeastern Rwanda) have blamed poverty to be the leading factor of malaria incidence. These studies suggested that improving household income and living conditions for poor families should be the first step towards the development of effective and targeted interventions, to further reduce malaria transmission in the rural areas of Rwanda (Ingabire et al., 2014 .
The vulnerability of region 2 within Gisagara district may be exacerbated by cross-border migrations to Burundi, where malaria is also endemic. The generic susceptibility of region 3 in the East, near Akagera National Park, is explained by population density, poor road infrastructure, as well as the presence of irrigable lands, water bodies (lakes and rivers), wetlands and large valleys. This region is already characterised by high malaria endemicity, and thus an increased risk to malaria infection.
Ijumba and Lindsay (2001) gation has little impact on malaria in the areas of stable transmission, therefore leading to reduced vulnerability despite an increase in exposure to malaria vectors. The main explanation is the positive socio-economic impact, leading to a greater use of bednets, better access to improved healthcare and fewer infective bites in irrigation communities (Ijumba and Lindsay, 2001) . Nevertheless, the increased numbers of malaria vectors following irrigation definitely leads to an increased malaria occurrence in areas of unstable transmission in the highlands of Rwanda, where people have little or no immunity to malaria parasites (Ijumba and Lindsay, 2001 ). The population growth rate in Rwanda highlands has led to an increased demand for food and wetlands reclamation for irrigated crops (Nabahungu and Visser, 2013) , and consequently an increased vulnerability to malaria infection (Bizimana et al., 2015) . The densely populated highlands and urbanised areas are biologically most susceptible to malaria ( Figure 6B ). The biological susceptibility in region 1 is mainly related to demographic pressure, such as a high number of children under five years of age, high number of old people, high number of child-bearing aged women, and high HIV prevalence. In the highlands in region 3 and region 2, the high number of women of childbearing age and high number of old people are combined with the low immunity to exacerbate the biological susceptibility to malaria. While generic susceptibility is high in both highland and lowland areas, the biological susceptibility is generally high in highlands and urbanised areas, where malaria transmission is very low and unstable, causing a lack of immunity in local populations. This finding is similar to the findings of Kienberger and Hagenlocher (2014) , which highlighted medium to high levels of social vulnerability in Kigali and in the highland areas that are affected by epidemic malaria outbreaks. Figure 7 illustrates the lack of resilience, which relates to the lacking capacity of populations to respond to and absorb the negative impacts of malaria, as a result of the lacking capacity to anticipate, respond to, and recover from malaria infection. In terms of lack of capacity to anticipate mosquitoes, higher values of social vulnerability are also found in the highlands, particularly in the very South near Nyungwe National Park, in the North within the Burera District, and in the very East near the border with Tanzania ( Figure 7A ). The most vulnerable region in terms of lacking resilience, region 1 in the South, has very limited capacity to anticipate, due to poor housing conditions, limited access to communication means, a low literacy rate, and a low rate of bed net ownership and use. The low rate of bed net use in remote rural areas of Rwanda may be aggravated by the loss of fabric integrity and declining bio-efficacy of long lasting insecticide traited nets (LLITN), and therefore foster the loss of protection from man-vector contacts . The most influencing indicators of social vulnerability for region 2 in the North near the Ugandan border are almost similar to those of region 1 in Nyaruguru District, because both regions are located in the highlands. Due to population pressure and stressed land resources, lowly immune highland populations move from Burera to settle in malaria endemic areas of the Eastern lowlands, where they are more susceptible. For instance, the 2012 census in Rwanda classifies Burera among the districts with the highest number of native-born population residing elsewhere. Among the migrants living in Nyagatare District, 22% were born in Burera District (NISR, 2012a). Moreover, worker migrants seasonally move from Burera to Uganda to take advantage of economic opportunities. The high mobility of populations in Burera highland District coupled with the limited capacity to anticipate mosquito bites may exacerbate the social vulnerability to malaria. Thus, the recent malaria occurrence in this highland zone may be explained by the interplay of socioeconomic factors such as population pressures, land use change, poverty, population movements and migrations, and local climate change (Henninger, 2013a (Henninger, , 2013b .
Social vulnerability in region 3, in the very East by the border of Tanzania, is only associated with poor housing quality, limited access to media communication, and a low literacy rate. Effective malaria interventions in this region should thus focus on social wellbeing, housing improvement and enhanced community awareness about malaria transmission and prevention. This finding is supported by Kateera et al. (2015) who concluded that efforts to reduce transmission and eliminate malaria locally should focus on investments in programmes that improve housing structures, by limiting indoor malaria transmission, for instance by making insecticide-treated bed nets and indoor residual spraying implementation more effective in Rwanda.
In terms of lack of capacity to cope with or to recover from malaria infection, the highlands and remote rural areas near the protected forests are characterised by less coping capacity ( Figure 7B ). For the highly vulnerable region 1 in the North East within Nyagatare District, the limited number of health facilities calls for improved interventions. While community-based health insurance in Rwanda is an effective tool for achieving universal access to health treatment in the poorest rural settings (Lu et al., 2012) , low coverage of health insurance may limit the access to effective malaria treatment in the most vulnerable region 2 ( Figure 7B ) near Volcano National Park, and in region 3 within Rulindo District. The poorest groups are increasingly included in the health insurance system (Zeekaf, 2014) , and it is frequently stated that universal coverage has almost been reached (Nyandekwe et al., 2014) . However, a recent study revealed that one-third of the poorest groups are still not insured in Rwanda. Specifically, the health insurance scheme in Rwanda should focus on improving the availability of drugs on all health care access levels (especially the lowest levels), and making the nation-wide access policy work in practice (Zeekaf, 2014) .
The results of this study bear implications for public health policy and decision making in malaria control in Rwanda. By revealing homogeneous regions of social vulnerability to malaria, including an analysis of underlying factors, this approach helps to the answer the question of what needs to be done where? The utilised geon approach enabled the depiction of the spatial heterogeneity of social vulnerability to malaria. The spatially explicit modelling of social vulnerability is a well-timed support to the national integrated malaria initiative for malaria reduction. It can help to improve the efficacy, effectiveness, and sustainability of malaria interventions through advocacy, social mobilisation, and inter-sector collaboration, to optimise the allocation of limited resources and health infrastructure.
The applied framework comes along with some challenges, however. Firstly, information related to the extent and coverage of IRS campaigns was not available, and thus not integrated into the vulnerability assessment. If this information was available for the entire country, and integrated into the modelling process, uncertainties in social vulnerability could be further reduced. Furthermore, some indicators such as social networks, migration, and behavioral change are difficult to measure quantitatively, and are therefore not considered in this research. Due to the absence of expert-based weights, indicator weights were assigned based on principal component scores and factor loadings from PCA, since both indicator weighting approaches were found to achieve similar outputs .
Despite the challenges highlighted above, the novelty of this research is based on the fine spatial scale and better quality of data available in Rwanda for revealing heterogeneous and hidden social vulnerability to malaria in a small country. For instance, we used high-resolution gridded surface layers of 500x500m 2 , compared to 10x10km 2 used by Kienberger and Hagenlocher (2014) at East Africa Community regional scale. By using high resolution data, this paper advances the previous work in spatially informing decision-makers on heterogeneous and hidden social vulnerability to malaria in Rwanda, which cannot be modelled at East Africa Community regional scale. Moreover, new indicators such as population density and distance to irrigation areas were used as additional indicators for generic susceptibility, while only two indicators were integrated by Kienberger and Hagenlocher (2014) . In the capacity to anticipate vulnerability domain, we extended the number of indicators to include information on access to communication media (radio and television) and housing conditions in terms of wall and roof materials. In the capacity to cope vulnerability domain, health insurance coverage was used instead of number of dependents to depict the lacking capacity to cope with malaria infection. Further research can be combine the presented maps of social vulnerability to malaria with the probability of an infective mosquito bites from EIR towards malaria risk assessment in Rwanda as recently implemented by Hagenlocher and Castro (2015) in Tanzania.
Conclusions
The spatial modelling approach using integrated geons, as implemented in this research, is a useful policy tool for identifying areas of concern in terms of both relative levels and underlying factors of social vulnerability to malaria. It provides a spatially explicit measure of social vulnerability that may help public health planners and decision-makers to tackle malaria, applying a socioeconomic perspective. This integrated modelling approach provides new insights, adding value to existing malaria elimination strategies that solely focus on climate and environmental factors of malaria transmission. Without understanding the social vulnerability and the response capacity of each region, targeting appropriate interventions may not lead to valuable outcomes. By integrating multi-source spatial indicators, the results provide meaningful information about social vulnerability aspects in specific locations. They not only indicate which areas are the most vulnerable, but also which factors mostly drive that vulnerability, according to a statistical analysis. This study also emphasised the need for socioeconomic considerations in the 
